Summary: Highly parallel genomic platforms like microarrays often present researchers with long lists of differentially expressed genes but contain little or no information on how these genes are regulated. rHVDM is a novel R package which uses gene expression time course data to predict the activity and targets of a transcription factor. In the first step, rHVDM uses a small number of known targets to derive the activity profile of a given transcription factor. Then, in a subsequent step, this activity profile is used to predict other putative targets of that transcription factor. A dynamic and mechanistic model of gene expression is at the heart of the technique. Measurement error is taken into account during the process, which allows an objective assessment of the robustness of fit and, therefore, the quality of the predictions. The package relies on efficient algorithms and vectorization to accomplish potentially time consuming tasks including optimization and differential equation integration. We demonstrate the efficiency and accuracy of rHVDM by examining the activity of the tumour-suppressing transcription factor, p53. Availability: The version of the package presented here (1.8.1) is freely available from the Bioconductor Web site
INTRODUCTION
Microarrays allow the measurement of genome-wide gene expression and have become a staple technology in life sciences research. Microarrays are normally applied in comparisons between fixed states. In differential expression studies, one or several conditions are compared with a control. Co-expression of groups of genes can then be used to group them into functional classes that are then hypothesized to be responsible for the observed phenotypic differences. Where a large number of conditions are measured, these * To whom correspondence should be addressed.
conditions can be grouped according to gene expression similarity, allowing microarrays to serve as a prognostic and diagnostic tool.
Microarray technology also has the potential to provide insights into the molecular mechanisms of gene expression itself. Gene expression is regulated by transcription factors. These transcriptional activators and repressors can act alone or in combination and leave a signature in the transcript levels of the genes that they regulate during a response. Typically, the intensity of action of transcription factors varies with time and it is therefore necessary to sample the system of interest dynamically. This work is presented as a method for using dynamic microarray data to reverse engineer gene networks from observed transcript concentrations.
We have previously published a technique, HVDM that deals with the influence of an individual transcription factor over its targets (Barenco et al., 2006) . Previous biological knowledge about the system is required as input, at least three known targets of the transcription factor of interest. From this, the transcription factor activity is deduced and then more targets of that transcription factor are found. We applied the technique to p53, an important transcription factor and central component of the DNA damage response network. Using independent experiments, we then verified that the predictions made by our mathematical model were accurate (See also Fig. 1 ). While successful, the technique required several modules, such as function optimization and differential equation integration whose execution time was prohibitively long and therefore inappropriate as an end-user package. Also, accuracy was compromised at low signal levels due to conservative error estimation. These limitations restricted potential application of the approach.
We have therefore produced a second generation of the HVDM method that solved these technical and scientific issues. By using more efficient algorithms, time of execution has been greatly decreased without compromising outcome accuracy. We have also significantly improved estimation of measurement error, allowing more accurate modelling at low signal values (see Supplementary Material and Fig. 2 therein) . The re-designed method is presented as an R package so that it may be more widely available to the research community.
M.Barenco et al. Fig. 1 . Verification Z-score for the top fifty p53 target predictions, ranked by descending sensitivity Z-score. To confirm our predictions, we ran a p53 knock-down experiment using siRNA to p53. A synthetic Z-score was derived representing the degree to which p53 knock-down reduced the irraditation-induced upregulation of a transcript (y-axis). This graph shows that rHVDM predictions are generally accurate, and that ranking according to the sensitivity Z-score is appropriate, as higher ranked genes (on the left) tend to have a higher verification Z-score.
METHOD AND IMPLEMENTATION
We suppose the transcript concentration of a gene j at time t, denoted by X j (t), is governed by the following differential equation:
where the first term B j is a basal transcription rate, f (t) is the transcription factor activity which can vary in time following activation of the system, and S j is the sensitivity of gene j to that transcription factor. The last term, is the degradation component, which we suppose to be proportional to the transcript concentration; D j is the degradation rate and is expressed in (time unit) −1 . The only known quantity in this equation is the transcript concentration X j (t) and its rate of change (the equation's left-hand side), both of which can be estimated, within the measurement error, from the data. The three kinetic rates and the transcription factor activity f (t) remain unknown. It is impossible to fit this model ab initio to individual genes because the parameter count exceeds the data count. Therefore, in a first (training) step, the model is fitted to several known targets of the transcription factor, which is possible because the activity profile f (t) is shared among the targets. Once this step has been performed, the activity profile f (t) is known and can be used in the second (screening) step to fit the model to individual genes. Goodness of fit, as measured with a least square metric weighted with the measurement error; along with the robustness of the sensitivity coefficient (S j ) determine whether the gene is a putative target of the transcription factor. The package uses Bioconductor (Gentleman et al., 2004) built-in structures for expression data and depends on two other R packages: R2HTML (Lecoutre, 2003) for the output interface and minpack.lm for model fitting.
To keep execution time manageable for the end user, the different modules in the package have been thoroughly optimized by vectorizing data treatment (in particular for the estimation of the measurement error) and the use of the Levenberg-Marquardt gradient-following optimization algorithm for model fitting (minpack.lm). Levenberg-Marquardt is much faster than the NelderMead algorithm used in the original implementation (Barenco et al., 2006) . Another useful by-product of this algorithm is the Hessian matrix, which after appropriate manipulations allows the estimation of confidence intervals. The latter are germane to the methods' outcome as the Z-score of the sensitivity coefficient (this coefficient has to be significantly greater than zero) is one of the criteria to determine whether a gene is a possible target of the transciption factor under review and also serves to rank the predictions (Fig. 1) . Note that the original implementation used a Markov-Chain Monte-Carlo for this purpose and took much longer to execute because more function evaluations had to be performed.
The results are presented using reports generated in HTML format and can therefore being consulted using any web browser. These reports comprise four sections with multiple figures allowing for a complete analysis of goodness of fit, possible over-fitting or identifiability issues (see Fig. 3 in the Supplementary Material for an example how an identifiability issue can be diagnosed and corrected).
The estimation of the measurement error which is an important input for model fitting has also been greatly improved over the old implementation. It is supposed this measurement error depends on the signal intensity and the particular microarray. In the old version, measurement errors were underestimated at low signal intensity (see Fig. 2 in the Supplementary Material). A different way to bin individual variance estimation has been used to tackle this issue (Supplementary Material).
RESULTS
The algorithm was run on microarray data previously published by our group. This data is bundled with the package. It concerns the DNA damage response network in a human leukaemic cell line and the method focused on p53, an important transcription factor in this system. Predictions of p53 targets are accurate and verified by experimental intervention using siRNA to p53 (Barenco et al., 2006;  Fig. 1 ). Executions times in rHVDM are also significantly improved over the original implementation. Screening 750 genes takes 10 min on a current desktop computer, comparing favourably with the several hours it took previously. In addition, the introduction of an alternative method to determine the robustness of the outcome is not detrimental to the accuracy of the results (see Figs 4 and 5 in the Supplementary Material).
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